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The paper deals with the issue of predicting workloads in a cluster to use in proactive
scaling of computing resources. Forecasting-at-scale algorithms Prophet and Greykite for
forecasting time series are considered, their accuracy and universality are evaluated.
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Problem statement. When managing the quality of services provided by clouds or
enterprise-level IT infrastructures, it is important to maintain the quality of services at an
agreed level [1]. In general, maintaining the quality of services at the agreed level is
ensured by providing additional computing, communication, and other resources to those
applications that provide the corresponding service. Effective management of the quality of
services can be ensured mostly by automatic adding or reducing the number of resources.
For this purpose, data center computing resource management systems of cloud service
providers or corporate IT infrastructures contain modules that use automatic scaling
methods and tools, taking into account service delivery technologies. The autoscaling
methods that use the results of load forecasting will be more effective from the point of
view of maintaining the quality of services at the agreed level. Modern paradigms of
service provision are built on the use of microservices, containers, etc. The popularity of
microservices in the provision of services entailed the creation of various technologies for
the implementation of microservice architecture, including those based on clusters. At the
same time, it is advisable to solve the problems of maintaining the quality of services at the
agreed level by scaling all components of the cluster. It is necessary to take into account
the fact that each component of the microservice architecture has its unique features of
work and functionality, as well as the fact that the load pattern is individual for each
component, and there can be a large number of such components. Therefore, when
determining automatic scaling methods, taking into account load forecasting, it is advisable
to process historical metrics, as well as adjust model parameters to predict a load of each
group of components with the same properties separately.

Actual scientific researches and issues analysis. The topic of using both
statistical prediction approaches [2] and artificial intelligence-based approaches for
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automating the scaling of computing resources of deployed applications is quite well
studied [3]. But these works do not consider the issue of implementing the developed
solutions into existing systems, in particular the need to prepare and process historical
data, adjust algorithms for existing load patterns, and validate the obtained results.

Uninvestigated parts of general matters defining. A large number of
scientific works are devoted to the topic of proactive scaling both by statistical
methods and based on artificial intelligence, but the vast majority only evaluate the
accuracy of the obtained models and such a characteristic as universality — the ability
of the model to work with a large number of various load patterns without manual
adjustment — remains secondary [4].

The research objective. The purpose of this work is to investigate the
practicability and possibility of applying forecasting-at-scale algorithms for predicting
loads in a Kubernetes cluster. Through experiments, test the ability of Prophet and
Greykite algorithms to predict typical load patterns of cluster components.

Overview of algorithms. Let us consider two main representatives of
forecasting-at-scale algorithms [5], namely Prophet and Greykite. But first, let us
define what forecasting-at-scale algorithms are. The name «at-scale» in this context
has two meanings. First, it is a simple and powerful tool that does not require the user
to have deep knowledge of prediction algorithms. It lets us scale prediction pipeline in
terms of reducing time for creating more or less accurate model. Secondly, these
algorithms allow solving a large number of various forecasting problems, including
reliable practical forecasting of time series.

Prophet [6] is a time series forecasting library that was developed at Facebook. The
main goal of the development was to create a simple, transparent and understandable
model generation algorithm that would allow to quickly obtain reliable predictions.

This algorithm is based on an additive regression model, which has several
components.

y(t) = g(t)+s(t)+h(t) +e(t), 1)
where g(t) —a trend component, s(t) — a seasonal component, h(t) — anomalies,

e(t) — an error function. In addition to the additive regression model, Prophet also
uses a Fourier transform.

Among the advantages of this model it has the possibility of working with
various time series, the ability to work effectively with large data sets and missing
data, as well as flexibility in the setting.
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The Greykite Library [7] is a powerful time series forecasting library developed
by LinkedIn. Its main task is to provide a flexible, fast, and scalable solution for
generating forecasts based on a large amount of data.

Greykite uses the Silverkite model, which, like Prophet, is an additive
regression model with several components [8]:
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Fig. 1. Greykite's work algorithm

One of the unique features of Greykite is the ability to flexibly configure
trending and seasonal components to adapt to different patterns in the data. In addition,
Greykite uses different machine learning algorithms to process different components
of the model, which makes this solution versatile.

Experiments. To check the accuracy and universality of the models, two
typical load patterns were chosen [9]. The first pattern has weekly and daily load
fluctuations, the second one has weekly on/off seasonality. Weekly seasonality is
chosen because this period of time reflects the repeatability of people’s actions
throughout the day, including in the business environment. working hours, time for
rest, sleep, and so on. In general, any other seasonality can be chosen, and the goal is
to test the performance of the models on complex seasonalities. It is important to
clarify that the obtained models should not be adjusted to a specific time series in any
way, since it is important to check the universality of the approaches.

To assess the accuracy of time series forecasting models, it is appropriate to use
two accuracy metrics — RMSE (root mean square deviation) and MAPE (average
absolute error in percentage).

RMSE allows you to compare the deviations of the original values and helps to
assess the overall accuracy of the prediction. RMSE is calculated using the following
formula:
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where x(t) — an actual value at the moment of time t, X, — prediction at the moment
of time t, and n —a number of datapoints in the dataset.

The mean absolute percentage error (MAPE) makes it possible to compare the
predictions of different models at different scales or data. MAPE is calculated as
follows

A
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where x(t) — an actual value at the moment of time t, X, — prediction at the moment
of time t, and n —a number of datapoints in the dataset.

The assessment of the universality of the method is determined on the basis of
the assessment of accuracy without additional adjustment of the models. It is important
to determine how the model can adapt to various load patterns.

In the first experiment, the selected models are compared on the example of the
above-described time series with two periodicities of different lengths — daily and
weekly. The data has not been pre-processed. The purpose of this experiment is to
investigate the prediction capabilities of the selected models on complex load patterns
without any data distortion, and also to investigate the effect of the size of the
historical data during training on the prediction accuracy.
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Fig 2. Model predictions based on three-week historical data
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In fig. 2 shows the performance results of the selected algorithms after training for
three weekly periods. The MAPE indicators are approximately at the same level — 0.085,
which indicates high accuracy of the results. It is worth noting that the minimum length of
historical data should be at least two target periods for pattern detection. It is appropriate
to check the accuracy on the minimum permissible period.
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Fig 3. Model predictions based on two-week historical data

In this case, Greykite’s accuracy dropped significantly to 0.16, while Prophet
remained at the same level of 0.085.

The last experiment is conducted for another pattern, namely weekly on/off,
where the load appears quickly and disappears quickly.
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In this experiment, Greykite is extremely accurate and has a MAPE of 0.06. In
comparison, MAPE for Prophet is 0.12. All final accuracy indicators are shown in Table 1.

Table 1. Prophet and Greykite performance results

RMSE 3| MAPE 3 |RMSE 2| MAPE 2| RMSE MAPE
Approach | weeks weeks weeks weeks on/off on/off
Prophet 49.2857 |0.08723 |51.1198 |0.08929 |72.7108 |0.12620
Greykite |49.0042 |0.08400 |88.4236 |0.16385 |34.1663 |0.06612

Conclusions. The experiments conducted in this work prove that the
forecasting-at-scale algorithms for predicting time series Prophet and Greykite are
appropriate to use when developing solutions for managing the autoscaling of
computing resources in a cluster. Both algorithms showed high accuracy and relative
versatility. Prophet is more accurate on shorter historical data lengths, and Greykite
did much better with the on/off load pattern.

In future works, it is advisable to integrate these algorithms and reactive
management approaches [10] into the resource distribution subsystem and conduct
similar experiments in real conditions.
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PO3IIMPEHA AHOTAIIA

Bitaxiit Omenbuenko, Onexcanap Poik

FORECASTING-AT-SCALE AJI'OPUTMMU JJIA
INEPEJIBAYEHHSA HABAHTAKEHD B KJIACTEPI

IHocranoBka nmpoOJemu. [Ip1 yrpaBiiHHI SIKICTIO OCIYT, K1 HaJalOTh XMapH
abo IT-iHppacTpykTypu KOpPIOPATUBHOIO PIBHS, BAXJIHMBO MIATPUMYBATH SIKICTh
HOCIIYT Ha Yy3roJuKeHOMY piBHI [1]. 3ae0iLnbmioro miaTpuMaHHS SIKOCTI MOCITYT Ha
y3ro/PKEHOMY PiBHI 3a0€3IeUy€eThCs NUISIXOM HaJaHHS JOJAATKOBUX OOYHCIIIOBAIbHHUX,
KOMYHIKalllMlHUX Ta 1HIIMX pecypciB TIM 3acTOCYHKaM, SKi 3a0e3NeuyroTh
BIANOBIAHMM cepBic. EpekTrBHE ynpaBiliHHS SKICTIO MOCIYT MOXe OeTH 3a0e3neueHo
JUIIe aBTOMAaTHUYHUM JOJIaBaHHSM ab0 3MEHIIECHHSIM 00csriB pecypciB. s mporo
CUCTEMH YTIpaBJiHHA oOuncmoBanbHUMHU pecypcamu IO/ xmapHux nposaiinepi abo
KoprnopaTuBHOIO IT-1HGpacTpyKTypoIo MICTATh MOAYJI, SIKI BAKOPUCTOBYIOTh METOIU
Ta 3acO0M aBTOMAaTHYHOIO MaclITaOyBaHHS 3 BpPaxyBaHHSM TEXHOJIOTIH HaJaHHS
cepBiciB. 3po3ymisio, O OUIbII €(EeKTUBHUMHU 3 TOYKU 30py MIATPUMAHHS SIKOCTI
CEpBICIB HaA Y3rO/DKEHOMY PiBHI OyAyTh Ti METOAM aBTOMAacIITaOyBaHHS, SKi
BUKOPHCTOBYIOTh PE3yJbTaTH NMPOTHO3YBAaHHS HaBaHTaXeHHsA. CydacHi MapagurMu
HaJlaHHs cepBiciB MOOY/A0BaHI Ha BUKOPUCTAHHI MIKPOCEPBICIB, KOHTEHHEPIB Ta iH.
[TonynsipHiCTh BUKOPUCTaHHS MIKPOCEPBICIB MpU HaJaHHI MOCIYr MOTATHYyJa 3a
co00I0  CTBOpPEHHS  PI3HOMAHITHMX  TEXHOJOrIA  peamizauii  MIKpOCEpPBICHOT
apXiTEeKTypH, y TOMY YHUCIi 1 Ha OCHOBI KjacTepiB. Ilpu oMy BUpIilIEHHS 3a7a4
MiTPUMaHHS SKOCTI CEPBICIB Ha Y3TOJKEHOMY PiBHI JOULUIBHO 3/1MCHIOBATH IUISIXOM
MacmTabyBaHHSI BCIX KOMIIOHEHTIB Kiactepy. [Ipu mboMy HEOOXiHO 3BaXKaTu Ha Te,
10 KOXKEH KOMITOHEHT MIKPOCEPBICHOI apXITEKTYpH Ma€ CBOI yHIKaJbHI OCOOIUBOCTI
poboTH Ta QyHKIIIOHAJ, a TAKOXK Ha Te, 110 MIabJIOH HaBaHTAXKCHHS € 1HIUBITyIbHIM
JUTSL KOSKHOTO KOMITOHEHTY, a TAKUX KOMIIOHEHTIB MOKe OyTH BeJMKa KUIbKICTh. Tomy
Opd BHU3HAUEHHI METOAIB aBTOMAaTUYHOTO MaciuTa0yBaHHS 3  BpaxyBaHHS
NPOTHO3YBaHHS HaBAHTAXXCHHS JOLUIBHO 3/11HCHIOBATH OOPOOKY ICTOPHYHUX METPHK,
a TaKo)X HaJaIITyBaHHSA MapaMeTpiB MOAENi ais TnepeadayeHHs HaBaHTaKEHHS
KOXKHOT TPy KOMITIOHEHTIB 3 OJJHAKOBUMH BJIACTUBOCTSIMH OKPEMO.

AHaNi3 oOCTaHHIX [JocjilKeHb 1 myOuikamiil. Tema 3acTocyBaHHS K
CTAaTUCTHYHUX MiIXO/IB nepeadadeHHs [2], Tak 1 Ha OCHOBI IITYYHOTO 1HTENEKTY s

aBTOMaTH3allii MacmTaOyBaHHS OOYMCIIOBAIBHUX PECYPCIB KJIACTEPY PO3TOPHYTHX
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JIOZIATKIB € JOCUTH 100pe BUBUCHOIO [3]. AJie B IIMX POOOTax HE PO3TIBIIAETHCA AJle B
UX po0OTax HE PO3IIISINAETHCA MHUTAHHS BIPOBAKEHHS PO3POOJIEHUX pIllIEHbh B
ICHYIOUl CUCTEMH, 30KpeMa HEOoOXITHICTh MiJATOTOBKH Ta OOPOOKH ICTOPUYHHX JaHUX,
HaJaIlITyBaHHS QJITOPUTMIB TiJ ICHYIOYl ITaOJOHM HaBaHTAXEHHS Ta Bajifallito
OTpUMaHUX Pe3ybTaTiB.

Bupisiennss  HemocaigkeHHMX 4YacTHMH 3arajibHoi  mpoOJuemu. Tewmi
MPOAKTUBHOIO MAacCIITa0yBaHHSA SK CTAaTUCTUYHUMU METOJAaMH, TaK 1 Ha OCHOBa
IITYYHOIO 1HTEJIEKTY, MpPHUCBAYEHA BEJIMKAa KUIbKICTh HAayKOBUX IIpallb, HpPOTE
nepeBakHa OUIbIIICTh IPOBOAUTD JIMIIE OLIHKY TOYHOCTI OTPUMAaHUX MOJIENEH, a Taka
XapaKTEePUCTUKA, SK YHIBEPCAJIbHICTh — 3/IaTHICTh MOJEINI MpPAIfOBaTH 3 BEIUKUM
YHUCJIOM PI3HOMAHITHUX IIA0JIOHIB HaBAHTAKEHHSA 0€3 pyYHOTO HalAIITyBaHHS
3aJMIIAETHCS APYTOpsIAHOLO [4].

Meta pocaigxennsi. MeToro AaHOi poOOTH € MOCHIHKEHHS JTOIJIBLHOCTI Ta
MOKJIMUBOCTI 3acTocyBaHHs forecasting-at-scale anroputmiB ayg nepeaOadyeHHs
HaBaHTaxkeHb B Kubernetes knactepi. ILInsxoM ekcriepuMeHTIB MEPEBIpUTH 31aTHICTh
anroputMmiB Prophet Ta Greykite mnepembauaTt TUIOBI I11a0JOHU HABAHTAKECHHS
KOMITOHEHTIB KJIaCTepy.

BukaaneHHss ocHoBHOro marepiaay. B poOoTi posrismaerbcs apxiTeKTypa
poboTu nBOX 3actocyBaHHs forecasting-at-scale amroputmiB — Prophet ta Greykite.
OnucyroTbCs YMOBH TPOBEACHHS ©KCIEPUMEHTIB Ta AaHl i HuX. lIpoBoasThes 3
EKCIIEpUMEHTA 3 P13HOIO JIOBKHUHOIO ICTOPUYHUX JTAHUX Ta 11abJI0HAMU HAaBaHTaKCHHSI.

BucHoBku. IlpoananizoBaHo JOUiIBHICTH 3acTocyBaHHs forecasting-at-scale
IrOpUTMIB Ui TependadeHHs poOOYMX HaBaHTaKEHb KiacTtepy. [laHi anroputmu
MOKa3alu 3JaTHICTh TOYHO TmiepeadayaTd poOoYi HABAHTAKEHHS 3 PI3SHUMHU
1a0JI0HaMH JTaHUX 1 KOMIJIEKCHOIO CE30HHICTIO.

KuarouoBi ciioBa: ympaBiiHHA pecypcaMH, TNPOAKTUBHE MacliTaOyBaHHS,
Kubernetes, aBromatuuyne macmrtabyBanns, Prophet, Greykite. Puc.: 4. Tabmn.: 1.
bi6n.: 10.



